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the	 frequency	domain	 (where	 time	 series	were	analysed	after	decomposition	 into	
different	 sinusoidal	 frequencies	 and	 their	 relative	 powers).	 All	 animal	 time	 series	
were	 sampled	 annually	 for	 ≤	50	 years,	 potentially	 inflating	 type	II	 errors.	We	 also	
considered	101‐year	series	of	matched	environmental	covariates,	performing	a	sta‐
tistical	power	analysis	evaluating	our	ability	to	draw	robust	conclusions.






Main conclusions:	 Focusing	on	 the	 short	 time‐scales	 typically	 available	 for	 ecolo‐
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1  |  INTRODUCTION
A	major	issue	in	population	biology	concerns	how	the	colour	of	en‐






red	 environments,	 high	 frequencies	 (rapid	 fluctuations)	 dominate	
in	blue	environments,	while	no	frequencies	are	dominant	 in	white,	
purely	 random	 environments	 (Halley,	 1996).	 Environmental	 colour	
is	 predicted	 to	 interact	 with	 population	 demographic	 processes,	
such	 as	 survival,	 reproductive	 and	 developmental	 rates,	 stage	
structure	or	age	structure,	 the	 intensity	of	 intra‐	and	 interspecific	
competition	 and	 the	 shape	 and	 strength	 of	 density	 dependence	
(Ruokolainen,	 Lindén,	 et	 al.,	 2009).	 These	 interactions	will	modify	
the	 size	of	 and	 correlation	between	 the	 environment	 and	popula‐






Wennergren,	 2012;	 Ruokolainen,	 Ranta,	 Kaitala,	 &	 Fowler,	 2009).	
The	 interaction	between	environmental	colour	and	population	de‐
mographic	 processes	 will	 also	 modify	 species	 interactions	 (e.g.,	
prey–predator,	 competition,	 host–parasites)	 and	 ecosystem	 stabil‐
ity	and	 function	 (Fowler	&	Ruokolainen,	2013a,	2013b;	Greenman	
&	 Benton,	 2005;	 Gudmundson	 et	 al.,	 2015;	 Inchausti	 &	 Halley,	
2003;	 Lögdberg	 &	Wennergren,	 2012;	 Ripa	 &	 Heino,	 1999;	 Ripa	
&	 Ives,	 2003;	 Roughgarden,	 1975;	 Ruokolainen	 &	 Fowler,	 2008;	
Ruokolainen,	 Fowler,	 &	 Ranta,	 2007;	 Ruokolainen,	 Ranta,	 et	 al.,	




(Heino	&	 Sabadell,	 2003).	 Additionally,	 environmental	 variables	 in	
reddened	 environments	 imply	 consecutive	 periods	 (days,	 weeks,	
years)	 of	 favourable	 or	 unfavourable	 conditions,	 which	 may	 de‐
crease	or	 increase	extinction	risk,	respectively	 (Schwager,	Johst,	&	
Jeltsch,	 2006).	 Populations	 with	 undercompensating	 growth	 tend	
to	respond	slowly	to	environmental	changes;	therefore,	fluctuations	
in	 density	 are	 amplified	 under	 red	 environmental	 variation,	which	
increases	 their	 extinction	 risk	 (Roughgarden,	 1975).	 Large‐scale	
changes	 in	climate	variables	associated	with	 the	El	Niño	Southern	




One	 of	 the	 main	 challenges	 when	 studying	 the	 impact	 of	 co‐
loured	 environmental	 variation	 on	 population	 dynamics	 is	 the	 ac‐
curacy	 of	 colour	 coefficients	 estimated	 from	 environmental	 time	
series.	Autocorrelated	processes	 have	been	observed	 and	 studied	
in	many	different	 fields,	and	the	 terminologies	and	methodologies	
used	for	their	description	and	detection	vary	across	disciplines.	For	


















in a 1/f	process,	whereas	variance	growth	will	 eventually	cease	 in	





is	 independent	 of	 observation	 sampling	 frequency	 but	 scales	 lin‐
early	with	the	amount	of	sample	aggregation,	whereas	in	a	coloured	
process	 the	 total	 variance	 depends	 on	 time‐series	 length,	 sample	
timing	and	aggregation	(Halley,	2007).	 In	1/f	models,	 low	sampling	
frequency	can	result	in	a	systematic	‘whitening’	(or	‘aliasing’)	of	the	
power	 spectrum,	 which	 yields	 estimates	 closer	 to	 zero	 compared	
with	the	true	colour	(Kirchner,	2005).	However,	aliasing	can	be	off‐
set	by	sampling	aggregation	(e.g.,	seasonal	averages	calculated	from	





of	 several	 alternative	 approaches	 for	 overcoming	 such	 difficulties	
K E Y W O R D S
climate,	environmental	forcing,	environmental	variation,	fluctuations,	frequency	domain,	
population	dynamics,	spectral	colour,	time	domain,	time	series
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(Cannon,	 Percival,	 Caccia,	 Raymond,	 &	 Bassingthwaighte,	 1997;	
Halley,	2009;	Miramontes	&	Rohani,	2002;	Pimm	&	Redfearn,	1988;	
Rohani,	Miramontes,	&	Keeling,	2004).
Inaccuracies	 in	 estimation	 and	 differences	 across	 approaches	
can	 potentially	 filter	 through	 to	 generate	 statistical	 artefacts	 and	
important	differences	 in	population	dynamics,	 affecting,	 for	 exam‐
ple,	extinction	risk	forecasts	(Halley	&	Kunin,	1999).	Given	the	short	
time‐scales	 typically	 available	 for	 ecological	 time‐series	 data,	 two	
important	 questions	 in	 population	 biology	 are	 therefore:	 (a)	 what	
model	 form	 (e.g.,	 white	 noise,	 autoregressive	 or	 1/f process)	 best	
characterizes,	and	(b)	what	statistical	power	do	we	have	for	correctly	














eters	 of	 natural	 environmental	 variables	 (e.g.,	 García‐Carreras	 &	
Reuman,	2011;	Vasseur	&	Yodzis,	2004).	To	date,	however,	no	study	
has	 attempted	 to	 do	 this	 for	 multiple	 environmental	 variables	 that	
have	been	linked	explicitly	and	robustly	to	natural	animal	population	
time	 series.	 Here,	 using	 abiotic	 environmental	 variables	 that	 have	
been	appropriately	coupled	to	population	fluctuations	across	a	wide	
range	of	terrestrial	animal	taxa	and	geographical	 locations	(Knape	&	
de	Valpine,	2011),	we	have	evaluated	 the	statistical	 support	 for	dif‐
ferent	 colours	 and	 the	underlying	processes	 in	 the	natural	 environ‐
mental	variables	associated	with	animal	populations.	This	represents	
a	useful	step	forward	given	(a)	the	lack	of	statistical	support	for	many	






subset	of	possible	 variables.	We	 then	assessed	 the	 level	 of	 statisti‐
cal	support	and	power	in	natural	environmental	time	series	for	three	
models	 commonly	 used	 to	 characterize	 or	 simulate	 (coloured)	 sto‐
chastic	processes:	white	noise	(a	purely	random	process	without	any	







their	confidence	 intervals)	 to	 (a)	establish	the	evidence	for	different	
coloured	 environmental	 covariates	 associated	with	 population	 fluc‐
tuations	 in	different	animal	 taxa,	 and	 (b)	 assess	whether	 results	are	






We	 investigated	 abiotic	 environmental	 variables	 that	 were	 ex‐
plicitly	 linked	 to	 natural	 population	 fluctuations	 as	 covariates	 in	
log‐scale	 first‐	or	 second‐order	 autoregressive	models	by	Knape	
and	 de	 Valpine	 (2011).	 They	 carried	 out	 a	 large‐scale	 analy‐







cantly	 reduced	 the	model	 process	 error	 variance	when	 included	
in	 models	 fitted	 to	 the	 GPDD	 population	 time‐series	 data.	 The	
spatially	matched	 environmental	 variables	were	 annual	 seasonal	
averages	of	monthly	mean,	maximum	and	minimum	temperatures	
(calculated	from	the	same	temperature	data)	and	of	precipitation	







selected	 in	 the	 most	 parsimonious	 model	 describing	 population	
fluctuations	by	Knape	and	de	Valpine	(2011)	according	to	Akaike	
information	 criterion	 corrected	 for	 small	 sample	 size	 (AICC;	 371	
series	out	of	492)	and	had	≥	10	consecutive	(annual)	data	points.	
We	excluded	10	further	environmental	time	series	that	were	not	









referred	 to	as	 the	 ‘short’	 series]	and	on	 the	entire	 series	 from	the	
CRU	TS	v.2.1	database	(years	1901–2002,	the	‘long’	series).	The	lat‐
ter	approach	increased	statistical	power	under	the	assumption	that	
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the	 same	 covariates	 also	 affected	 the	 corresponding	 populations	
before	(or	after)	the	populations	had	been	surveyed.	Given	that	win‐
ter	 series	were	 composed	 of	 environmental	 data	 from	December,	
January	and	February,	 the	 final	year	of	 the	 long	series	missed	 the	
last	2	months	and	was	excluded.	For	consistency,	we	also	removed	
the	last	year	from	the	other	environmental	covariate	types.	Finally,	
21	 series	 were	 removed	 where	 no	 match	 between	 the	 original,	
short	 series	 and	 the	 long	CRU	 series	 could	 be	 found.	 This	 left	 us	
with	163	unique	 short	 (≤	50‐year)	 and	160	unique	 long	 (101‐year)	
environmental	time	series	for	our	main	analysis	(Figure	1;	Supporting	
Information	 Appendix	 S1	 Table	 S1).	 All	 environmental	 time	 series	
were	 standardized	 to	 have	 zero	 mean	 and	 unit	 variance,	 and	 de‐
trended	(see	‘Time	series	analysis	and	model	comparison’).




related	 to	 temperature	 (mean,	maximum	and	minimum	seasonal	av‐
erages)	were	pooled].	This	left	us	with	224	unique	animal	population	










of	 support	 for	 these	 models,	 we	 analysed	 data	 in	 the	 frequency	
domain,	where	we	fitted	the	theoretical	power	spectra	to	the	em‐
pirical	 periodograms	 of	 the	 detrended	 time	 series	 (detrending	 re‐
moved	the	 least‐squares	straight‐line	fit	with	respect	to	year	from	






























βshort = −0.72 ± 3.02,  ρshort = 0.64 ± 1.48βlong = −0.58 ± 0.43,  ρlong = 0.33 ± 0.27
βshort = −0.31 ± 0.72,  ρshort = 0.20 ± 0.40βlong = 0.45 ± 0.41,  ρlong = −0.22 ± 0.26















−175 −150 −125 −100 −75 −50 0 20 40 60 −8 −4 0


























     |  5GILLJAM et al.
the	competing	models	compared	the	same	data.	The	empirical	perio‐
dograms	(power	spectra)	were	obtained	with	a	standard	fast	Fourier	




































We	 recorded	parameter	estimates	 from	 the	 frequency	domain	
for	the	spectral	exponent	(β)	and	autocorrelation	coefficient	(ρf)	for	
each	time	series,	and	symmetric	95%	confidence	intervals	 (CIs)	for	
each	 estimate,	 based	 on	 the	 t‐distribution.	 The	 statistical	 signifi‐
cance	of	parameter	estimates	was	determined	by	assessing	whether	
the	range	of	the	95%	CIs	of	the	estimate	spanned	zero.	Furthermore,	






pared	 colour	 coefficients	with	 a	 null	 hypothesis	 of	 intermediately	
reddened	colour,	generally	referred	to	as	pink	noise	in	the	frequency	
domain	(e.g.,	Halley,	1996),	here	considered	to	represent	ecologically	
non‐trivial	 temporal	 structure	on	 the	 annual	 scale.	Given	 that	 the	
true	underlying	process	for	environmental	fluctuations	is	unknown,	
this	was	 done	 by	 checking	whether	CIs	 of	 the	 estimates	 spanned	
β	 =	 −1	 for	 the	1/f	models	 and	ρf	 =	ρT	 =	 0.7	 for	 the	AR(1)	models.	
We	note	that	1/f	noise	has	no	characteristic	time‐scales,	and	a	pink	
noise	 spectrum	 contains	 equal	 density	 influences	 (memory)	 on	 all	
time‐scale	 intervals	 if	 expressed	on	an	octave	 scale	 (Halley,	1996;	





























(2)P (f)=10α+β log10 f
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Among	 the	 environmental	 variables	 analysed,	 those	 related	 to	
temperature	 were	 associated	 with	 the	 fluctuations	 of	 the	 larg‐
est	 fraction	 (42%)	of	populations,	whereas	 the	NAO	 (5%)	 and	SO	
(8%)	climate	indices	affected	the	smallest	fractions	of	populations	
(Figure	 2a).	 Precipitation	 and	 frost	 day	 frequency	 influenced	 the	
fluctuations	of	23	and	21%	of	 the	population	 time	series,	 respec‐
tively.	Seasonally,	environmental	covariates	related	to	spring	were	
associated	with	the	largest	fraction	(30%)	of	all	variables,	with	the	
remaining	 25%	 summer,	 24%	 winter	 and	 20%	 autumn	 variables	
(Figure	2a).	In	total,	224	unique	terrestrial	animal	populations	were	
associated	 with	 163	 environmental	 covariates,	 where	 126	 (56%)	
were	bird	populations,	69	 (31%)	 insects	and	29	 (13%)	were	mam‐
mals,	 respectively	 (Figure	 2b).	 Given	 the	 potential	 for	 taxonomic	







of	 estimates	 being	 significantly	 different	 from	 zero	 (Figure	 3d–f)	
compared	with	short	series	 (Figure	3a–c);	 the	estimates	 that	were	
distinguishable	from	white	noise	processes	tended	to	be	reddened	
(Figure	3d–f).	The	means	of	the	estimated	colour	coefficients	(±	95%	
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most	parsimonious	 fit	 to	 the	short	data	 series	 in	151	 (93%)	cases,	
while 1/f	and	AR(1)	models	were	considered	best	in	seven	(4%)	and	
five	(3%)	of	cases,	respectively	(Figures	3	and	4).	Only	two	(1%)	of	
the	 parameter	 estimates	 were	 found	 to	 differ	 significantly	 from	
zero	under	both	1/f	and	AR(1)	models.	These	general	patterns	are	
reflected	in	the	longer	time	series;	106	(66%)	were	best	described	by	
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white	noise,	33	(21%)	by	1/f	and	21	(13%)	by	AR(1)	models	(Figures	
3	and	4),	with	11	(7%)	of	the	longer	time	series	differing	significantly	
from	 zero	 under	 both	 1/f	 and	AR(1)	models.	Of	 these,	 the	major‐
ity	(10)	were	reddened,	and	only	one	was	blue.	We	also	performed	






coefficients	 (±	95%	 CIs)	 using	 the	 un‐detrended	 (raw)	 data	 were	
μ(βS)	=	−0.240	±	0.111;	μ(βL)	=	−0.165	±	0.038;	μ(ρf S)	=	0.118	±	0.053	
and μ(ρf L)	=	0.083	±	0.024.	Comparing	colour	exponents	 from	 the	
main	 analysis	 in	 the	 frequency	 domain	 with	 estimates	 from	 the	
MSM	did	show	slightly	stronger	colours	using	the	MSM	on	the	short	
series,	but	not	for	the	long	series.	The	means	of	the	estimated	co‐
lour	 coefficients	 (±	95%	CIs)	 using	 the	MSM	method	were	μ(βS)	 =	
−0.243	±	0.129	and	μ(βL)	=	−0.114	±	0.034	(Supporting	Information	
Appendix	S3).
Considering	 relative	 model	 performances	 from	 the	 frequency	
domain,	the	mean	difference	(±	95%	CIs)	between	AICC	values	from	
white	noise	and	1/f	or	AR(1)	models	for	the	short	time	series	were	
similar:	 μ(ΔAICC[1/fS])	 =	 −4.544	±	0.635	 and	 μ(ΔAICC[AR(1)S])	 =	
−4.533	±	0.620	(Figure	4a).	There	was	a	greater	difference	in	model	
performance	for	the	long	time	series,	although	variation	around	the	







shorter	time	series,	with	an	 increase	 in	relative	 likelihood	for	both	


















were	 associated	 with	 birds,	 compared	 with	 the	 white	 covariates	
(Supporting	 Information	Appendix	S1,	Figure	S1.3).	Averaged	over	
all	models,	20	(14%)	and	seven	(32%)	cases	of	the	long	environmental	
time	 series	 characterized	 as	white	 or	 coloured,	 respectively,	were	






3.3 |  Power analysis for colour estimates
The	 statistical	 power	 to	 identify	 a	 coloured	 signal	 from	 white	 noise	
correctly	 was,	 as	 expected,	 higher	 for	 the	 long	 time	 series	 compared	
with	 the	 short,	 and	 in	 the	 time	domain	 compared	with	 the	 frequency	
domain	 (Figure	 5a).	Mean	 power	 values	 (±	95%	 CIs)	 for	 pink	 environ‐














that	have	previously	been	 linked	 to	 terrestrial	animal	population	
fluctuations	 do	 not	 appear	 to	 show	 any	 recognizable	 temporal	
structure	 (colour),	when	estimated	over	 a	maximum	of	50	years.	
However,	 there	 is	 considerable	 uncertainty	 associated	 with	 the	
colour	estimates	 for	 these	 short	 series,	 indicated	by	wide	confi‐
dence	 intervals	 (Supporting	 Information	Appendix	 S1,	 Table	 S1).	
Our	power	analysis	 (Figure	5)	clarifies	 this	uncertainty;	power	 is	
not	high	enough	to	draw	strong	conclusions	in	the	frequency	do‐
main	using	the	short	series;	however,	in	the	time	domain,	we	can	
be	 relatively	 certain	 (power	 ca.	0.8)	 that	we	 correctly	 identified	
any	pink	noise	(ρT ≥	0.7)	in	environmental	series	of	≥	16	years,	cor‐
responding	 to	 69%	 of	 our	 short	 time	 series.	When	 longer	 (101‐
year)	 versions	 of	 the	 matched	 environmental	 time	 series	 were	
used,	34%	were	best	described	by	a	coloured	noise,	either	1/f or 




(0.95)	 for	 us	 to	be	 confident	 that	 any	pink	 (or	 blue)	 noise	 in	 the	
frequency	domain	(|β| ≥	1)	and	coloured	noise	with	an	absolute	es‐
timate	|ρT|	≥	0.35	in	the	time	domain	were	correctly	detected.	If	a	




and	AR(1)	models.	 Temperature	was	 the	most	 common	 environ‐
mental	variable	associated	with	the	animal	population	fluctuations	
(42%),	although	precipitation	and	frost	day	frequency	were	both	
associated	with	 sizeable	 proportions	 of	 the	 populations	 (23	 and	
21%,	respectively;	Figure	2).	Comparing	the	fractions	of	coloured	
or	white	environmental	covariates	associated	with	animal	classes,	
mammals	 and	 birds	 showed	 the	 largest	 differences;	 14,	 64	 and	
22%	of	the	long	environmental	time	series	characterized	as	white	
were	 associated	 with	 mammals,	 birds	 and	 insects,	 respectively,	
whereas	the	corresponding	percentages	characterized	as	coloured	
were	32,	46	and	22%.
Although	 there	were	 fewer	white	 noise	 series	 among	 the	 lon‐




variables	 is	 known	 to	 be	 dependent	 on	 the	 time‐scale	 considered	
(e.g.,	 Halley,	 2007;	 Kirchner,	 2005;	 Miramontes	 &	 Rohani,	 2002;	
Pimm	&	Redfearn,	1988;	Sabo	&	Post,	2008).	The	 level	of	support	
for	 coloured	 time	 series	 should	 increase	 with	 the	 length	 of	 the	




short	 (Supporting	 Information	Appendix	S1,	Figure	S1.1).	 Including	
the	 longer	environmental	series	 improves	our	statistical	power	for	















tively,	 for	 the	MSM	 regression	 (Supporting	 Information	 Appendix	
S3,	Figure	S3.1).
F I G U R E  5  Power	functions	(a,	c)	and	absolute	values	of	smallest	detectable	colour	parameter	(b,	d)	for	1/f	models	in	the	frequency	































































































environmental	 time	 series	 analysed	 here	 ran	 from	 1901	 to	 2002,	
and	as	longer	time	series	(with	a	higher	temporal	resolution)	become	








found	 weak	 support	 for	 recognizable	 temporal	 structure	 (colour)	




and	 pink	 noise	 (Vasseur	&	 Yodzis,	 2004).	Our	 approach	 builds	 on	
this	 earlier	 analysis	 by	 incorporating	 further	 statistical	 context	 to	
improve	 our	 understanding.	 García‐Carreras	 and	 Reuman	 (2011)	
suggested	that	there	was	a	correlation	between	animal	population	





(Royama,	 1981).	We	 avoided	 those	 problems	 here	 using	 only	 the	






ronmental	 covariates	 [but	 see	Ferguson,	Carvalho,	Murillo‐García,	
Taper,	&	Ponciano	(2016)	for	a	simulation	study].
Given	 that	 relatively	 few	 environmental	 variables	 associated	
with	population	dynamics	are	temporally	autocorrelated,	this	should	
be	 put	 into	 context	 with	 a	 few	 recent	 studies	 providing	 indirect	
support	 to	 our	 results.	 Using	 a	 model‐based	 approach,	 Ferguson	
et	 al.	 (2016)	 estimated	 the	 degree	 of	 environmental	 autocorrela‐
tion	present	in	time	series	of	animal	population	data	and,	as	in	the	
present	study,	 found	 it	 to	be	 low.	Engen	et	al.	 (2013)	developed	a	
theoretical	method	using	age‐structured	populations	for	estimating	
the	 influence	 of	 autocorrelated	 environments	 on	 population	 dy‐
namics.	When	applied	to	data	sets	from	four	mammal	species,	they	
found	small	effects	of	autocorrelated	environments	on	population	

















demographic	details	of	 the	population	being	affected,	 such	as	 the	
intrinsic	growth	rate	and	shape	of	density	dependence	(Ruokolainen,	
Ranta,	et	al.,	2009;	Fowler	&	Ruokolainen,	2013b),	but	 it	 is	 largely	
still	an	open	question	of	considerable	ecological	interest.
Our	 results	 have	 implications	 for	 understanding	 the	 tempo‐
ral	structure	of	environmental	variation	driving	terrestrial	animal	
population	 dynamics.	 Temperature	 was	 shown	 to	 be	 the	 most	













corresponding	 impact	 this	will	 have	on	 the	dynamics	of	 species.	










terrestrial	 animal	 populations,	 and	 analyses	of	 coloured	processes	
are	best	performed	 in	 the	 time	domain	 to	maximize	confidence	 in	
parameter	estimates.	Given	that	population	trajectories	themselves	
are	 often	 autocorrelated,	 this	 implies	 that	 intrinsic	 and	 extrinsic	
biotic	 factors	such	as	density	dependence,	age	structure	and	spe‐
cies	interactions	are	the	most	likely	cause	for	such	fluctuations	(see	
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